Abstract-Home-based rehabilitation has evolved in recent years as a cost-effective and convenient alternative to traditional clinical rehabilitation. This has consequently created the need to design reliable assessment and adaptation mechanisms that are able to measure and analyze the patient's performance and to accordingly make proper adjustments that conform to the abilities of the patient during the training. This paper proposes a novel context-based adaptive home-based rehabilitation framework to optimize recovery based on patient's performance and ambient conditions. Adaptation is mathematically modeled to configure the rehabilitation task based on user's psychophysiological and environmental conditions. A prototype of the framework is tested for three weeks by two patients with wrist deficiencies. The results obtained are promising and indicate that the proposed framework may be very beneficial for home-based rehabilitation.
I. INTRODUCTION

P
HYSICAL injury is a condition that affects the life of millions of people all around the world. Depending on the severity of the injury, patients normally undergo a rehabilitation regimen that aims to bring them back to preinjury levels. The recent technological advancements have enabled physiotherapists to incorporate computers and a number of the state-of-the-art training devices into the rehabilitation training of their patients [1] . Computerized rehabilitation or virtual rehabilitation relies on video games, namely virtual reality (VR) to enhance specific skills through playing [2] . The use of virtual environments (VEs) in computerized rehabilitation has been shown to be a promising technology and was found to have potential benefits as an assessment and training tool [3] , [4] . Recently, virtual home-based rehabilitation (VHR) has evolved as a cost effective and convenient alternative to traditional clinical rehabilitation. Researchers have developed various types of sensor-based rehabilitation systems that incorporate VR games aimed to offer the patient an entertaining and beneficial training experience from the comfort of home [5] , [6] . This has consequently created the need to design reliable assessment and adaptation mechanisms that are able to measure and analyze the patient's performance and condition, and to accordingly make proper adjustments that conform to the abilities of the patient during the training.
Adaptivity attempts to maintain an appropriate level of challenge by dynamically adjusting game elements, such as the difficulty level and the environment within a game, according to the player's performance [7] . Adaptation of digital games is an active area of research that focuses on using artificial intelligence to create dynamic adaptation adjustment models that fit the player's skills [8] , [9] . The necessity of incorporating adaptation in rehabilitation related games becomes even more significant. It is important to keep the patient engaged and excited in VHR. However, it is very vital to ensure that the chances of getting reinjured because of requiring hard tasks that go beyond the patient's abilities are reduced to a minimum [10] . Furthermore, it is believed that effective adaptive systems can potentially shorten the recovery time since the training tasks are adjusted to efficiently address the deficiencies of the patient [11] .
In this paper, we present context-based adaptive home-based rehabilitation (CAHR), an adaptive VHR framework that aims to offer the patient a proper in-home training that is optimized to his/her physical and psychophysiological conditions while taking into consideration the context of his or her surrounding environment. The major contribution of this paper consists of proposing a novel adaptation model that suggests how the rehabilitation environment of the training tasks must be adjusted to match the patient's captured contextual information to the desired performance targets set by the clinician. A number of simulations are performed to validate its effectiveness and stability when dealing with various training scenarios. We use the tangible stress ball [12] and a game prototype developed based on the framework to evaluate the performance of two patients with wrist impairments who were trained with the game for two weeks. The rest of this paper is organized as follows. In Section II, we review some of the related work accomplished in the field of adaptive computerized rehabilitation. In Section III, we present the proposed CAHR framework and elaborate its merits. In Section IV, we present the mathematical model of the adaptation engine and simulate its behavior. In Section V, we briefly present the framework prototype. In Section VI, we reveal the experimental results conducted with two patients who trained with a prototype of the CAHR framework. Finally, in Section VII, we conclude by providing perspectives for future work.
II. RELATED LITERATURE
Despite its importance in virtual rehabilitation, only few researchers have proposed frameworks or designed systems that incorporate adaptation algorithms [13] . Rossol et al. [14] proposed a framework for self-adjusting adaptive training in VR rehabilitation games that is based on Bayesian networks (BNs). The framework's main goal was to help therapists probabilistically assess the patient's performance in a complex range of several skill areas by providing meaningful discrete ranges. The BN is modeled depending on the knowledge base of the clinician who customizes the network topology of the BN to include several numbers of skill areas (latents) and measured variables along with complex interaction between them. Alamri et al. [5] developed an augmented-reality (AR) framework that adopts the concept of tangible objects as a means of interaction. Virtual objects are superimposed over a real environment setup, and the patient is required to perform a certain rehabilitation task by manipulating a real cup in the AR environment. The framework includes two reaching exercises that are derived from daily life activity, such as moving a cup to a virtual cupboard. Pirovano et al. [13] presented a framework for selfadaptive games for home-based rehabilitation that adopts the fuzzy logic (FL) and Bayesian adaptive methods as means of adaptation. In first algorithm, the fuzzy theory was used to analyze the correctness of the exercise by properly choosing an appropriate set of rules and constrains specified by the therapist. The second algorithm was built upon the Quest Bayesian adaptive approach [15] used in psychophysics to adapt a psychometric threshold considering the results of the previous trials. The main goal is to continuously adapt a parameter value so that it converges to a predefined threshold (defined by the therapist) that guarantees that a target performance level is met in a certain trial based on the patient's actual status. In [16] , we presented a fuzzy-based adaptive framework for wrist rehabilitation that adjusts the intensity level of a software game depending on the patient's physical performance. The detected performance metrics are fed into a FL adaptation (FLA) engine that evaluates the quality of performance and provide a crisp value that indicates how normal the performance of patient is for a particular task. The membership functions of the FLA were designed based on a set of performance thresholds that indicate the minimum level that a patient should attain to be assessed as healthy.
Ma et al. [17] developed an adaptive VR game for poststroke patients with upper extremity deficiencies that aim to encourage movement and improve their accuracy and speed. The game can be controlled through motion data captured by three sensors, Motion-Star Wireless, VR 1289 HMD, and the 5DT data glove that enable the detection of the position and orientation of the patient's hand. The game adaptation is achieved through a simple accuracy test function that provides an accuracy ratio between the number of successful and unsuccessful trials. Chen et al. [18] introduced a media adaptation framework that can be used in a multimodel biofeedback system [19] for stroke patients undergoing arm rehabilitation. The adaptation model is based on a pretrained dynamic decision network that predicts the patient's performance and suggests an online optimal adaptation decision to the rehabilitation team (e.g., therapists, doctors, etc.). The media adaptation in the framework refers to changes in audio and visual feedback within the VE, as well as changes in the physical environment (e.g., table height).
In the related literature mentioned so far, the authors have relied mainly on the physical performance of the user to adapt the rehabilitation task or environment. Many studies have revealed that physiological conditions (e.g., fatigue and stress), psychological reactions (e.g., sadness or happiness), and environmental factors (e.g., ambient noise and lighting) can significantly impact the human's performance to properly accomplish various tasks [20] - [22] . Consequently, the effect of the physiological state of the user on the gaming performance has been explored by numerous researchers [23] - [25] . Chanel et al. [26] have investigated the possibility of using emotional data in adapting the difficulty of a game. This was done by asking 20 participants to play a modified version of a Tetris game that incorporates three different difficulty levels. Afterward, two different analyses were conducted investigate how different levels of the game can affect the emotional state of the player and to validate that the users' states can be recovered from physiological signals only. The study concluded that different difficult levels can indeed elicit several emotional states and that game adaption according to player's emotion can maintain his or her engagement in the game. Even though the authors have validated the flow theory of games, no adaptive version of the Tetris game was implemented and was left as a future work. Liu et al. [27] explored the significance of the affect-based adaptation on the gaming experience of the user. The authors conducted two series of experiments that aim to compare the gaming experience of the players when playing with two versions of a Pong game. An affect-based version that can adapt depending on the emotional state on the user, and another version that adapts solely based on the player's performance. The results had shown that players had performed better with the affect-based version and that they had a better experience than playing with the performancebased version. However, the authors noted that an adaptation that relies on the physiological state may not be optimal and that the performance factor should be considered.
Based on the outcome of these studies and on the current related works in VHR, we conclude that an effective virtual rehabilitation framework should not only consider the patient's physical aspect when adapting the rehabilitation task but also consider his or her psychophysiological state and any environmental factors that may negatively affect the training experience. In addition, task adaptation should be applied in an online fashion (i.e., between tasks) rather than in offline mode (i.e., between sessions) so that the environment can be adjusted to fit the context of the patient in real time. Moreover, the adaptation of the environment must be based on the therapist's knowledge in the sense that it should enable him or her to set target performance goals tailored to the patient's capabilities. In our proposed framework, we address each of the aforementioned points to offer a training environment that is safe and effective for a home-based rehabilitation.
III. FRAMEWORK
In a broader view, the framework shown in Fig. 1 serves two types of users, the patient and the therapist. The patient can have a computerized home-based rehabilitation system that is simple to grasp, natural to be trained with, and performance informative. From the clinician's perspective, the framework helps the therapist to better understand the performance of the patient, get informed about his/her physiological and psychological state and the environmental conditions surrounding him or her, and to customize the adaptation of the virtual exercises.
The proposed model captures and utilizes the patient's physical performance, psychophysiological responses, and environmental conditions to provide an optimized adaptation for home-based rehabilitation. Therefore, it takes into consideration the various contexts that may hinder the patient to progress during the rehabilitation training. The model enables the clinician to select the contextual parameters that affect his/her patient and to define their correlations with the patient's ability to perform a task. This is done by assigning a weight between all of the context parameters. As a result, the model generates an adaptation matrix that defines how the psychophysiological responses and environmental conditions would be manipulated to improve the patient's quality of experience and to keep the patient more engaged in the rehabilitation training.
A. Client System
The client is a software component that provides various stakeholders (such as the patient, therapist, or a third party) access to the home-based rehabilitation system over the web.
It comprises the web client proxy, the patient system, the therapist software application, and the context interface.
The web client proxy is a software application that provides services for retrieving, presenting, and traversing web contents on the World Wide Web (HTML interpreter and SOAP for exchanging structured information via the Web). It also facilitates the communication between the client system and the cloud system.
The patient system provides the patient with the means to interact with the system through the sensorized tangible training interface or to communicate with the therapist via the patient software application. Tangible training interfaces are nonconventional interfaces, such as intelligent tangible devices that can detect the motion of the patient and provide haptic feedback if needed.
The patient software application is the patient's door to the framework. It enables him or her to check information from the patient's treatment plan and displays the appropriate VR games that are prescribed by the remote therapist.
The therapist software application enables the clinician to monitor the patient's performance by retrieving information extracted during the game sessions. In addition, it allows the therapist to customize the rehabilitation task by offering him/her the capability to define a number of performance thresholds that best fit the physical and physiological conditions of the patient.
The context interface provides the rehabilitation framework with information related to the patient's context. This interface can be any of the hardware and/or software components that enable the detection of the physiological, psychological, or environmental context. An example of such interface is a watch, a light sensor, a heart rate sensor, a brainwave headband, and so on.
B. Cloud System
The cloud system is composed of the client interface and the rehabilitation engine. It is an independent entity that manages various system functionalities (such as adaptation) and store relevant data (such as games and patient's performance data). The cloud system can be hosted by an authorized entity to provide home-based rehabilitation services. The main advantage of adopting a cloud system architecture is that it provides to the patient the ability to train from anywhere at any time while keeping his performance records.
C. Client Interface Module
The client interface module is located at the cloud and provides abstract interfacing to individual clients. The client is typically located in a physically remote place. The client interface is composed of the web services, service registry, third party services, and the cloud façade.
The web services is a component that hosts a pool of web services, which provides various functionalities for both the patient and the therapist, such as a web service to retrieve patient's performance information and provide a proper display.
The service registry enables clients to discover and access web services by storing information about the services functionalities as well as their interfaces (how to access the web services).
The third party services are services that are hosted by third party service providers to provide assistive functionalities (such as certain type of signal processing or graphics display web services).
The cloud façade has a similar functionality as the web client proxy. It is a software application that implements HTML interpreter and SOAP messenger for exchanging structured information with the client.
D. Rehabilitation Engine
The rehabilitation engine is the unit where all the performance data are analyzed and the game state decisions are made. It is comprised of the physical performance quantifier (PPQ), context-based adaptation engine (CAE), multimedia game engine, game database, and the performance database.
The P P Q aims to assess the quality of physical performance (Q P P) based on the physical kinematics captured during the rehabilitation training. The main goal is to provide the rehabilitation framework and the therapist with a crisp value that reflects how well or bad the patient is able to achieve a particular task from a physical perspective. To achieve this goal, the patient's physical performance is evaluated based on the FL theory that is distinguished by its capability of reasoning in a human-like manner. The membership functions of the fuzzy inference engine are constructed based on the set of benchmark kinematics that reflects the thresholds that a patient should achieve to be assessed as improving. Since we will be testing our framework with patients suffering from wrist impairments, the membership functions were constructed based on the norms found in [12] . A thorough details about this module can be found in [15] .
The C AE constitutes the core of the rehabilitation framework since it controls the intensity levels of the tasks and the multimedia content of the rehabilitation environment (e.g., recommendation messages, music, etc.). The complete details of this engine are given in the subsequent section.
The multimedia game engine formulates and load the proper rehabilitation task for the patient based on the therapist's constraints, the patient's context, and the adaptation decisions made by the context-aware adaptation engine. In addition, the engine provides multimedia feedback in the form of recommendations and vibrotactile haptic feedback to the patient depending on his/her training performance and the game's state. The recommendations are shown in the form of text messages on the patient's screen. These messages are triggered based on the therapist's customization once a particular threshold is surpassed. For instance, the system might recommend the patient to take a 10-min break if his stress level is really high. On the other hand, the engine sends vibrotactile commands to the training interface module upon achieving a particular goal during the task to make the rehabilitation session more entertaining and encouraging.
The game database stores information regarding the rendering and the configuration of the various rehabilitation games incorporated in the framework (such as the games graphics and default settings).
The performance database stores the performance and motion data captured throughout the rehabilitation training. This includes the raw data captured using the tangible interface and performance parameters (such as grasping angle/velocity, jerkiness, tremor, etc.).
IV. CONTEXT-AWARE ADAPTATION MODEL
We propose a context-aware adaptation model that considers the context of the patient and the therapist performance thresholds to properly adjust the tasks within a rehabilitation session so they fit the physical, physiological, and psychological abilities of the patient while considering at the same the environmental condition.
A. Rehabilitation Correlation
Three matrices define the proposed model: the measured conditions matrix (M), the desired conditions matrix (D), and the correlation matrix (C). The output of the mathematical model is the adaptation coefficient matrix (α). Note that α i represents the significance of the i th condition toward the patient's performance, which can also be used to adjust the various conditions to optimize the rehabilitation process.
The patient's performance in the home-based rehabilitation system is modeled using the measured conditions matrix (M), as shown in the following:
where M i is the measured index for the i th condition and N is the number of conditions to be considered in the adaptation model. The desired conditions matrix D is defined according to
where D i is the desired index for the i th condition and α i is the adaptation coefficient for the i th condition. The desired performance index D i is set by the therapist to setup the optimal conditions for the patient to perform a rehabilitation task.
The correlation matrix C (3) is a N × N matrix that describes the mutual correlation between any two conditions. For instance, the element at i th row and j th column describes the correlation between the i th and j th conditions (such as the correlation between stress and fatigue). Note that the therapist defines the correlation matrix C for every patient to personalize the model performance according to the patient's particular preferences and needs
B. Context-Aware Adaptation
The ultimate goal of the proposed model is to match the measured conditions matrix (M) and the desired conditions matrix (D) by tuning the adaptation coefficient matrix (α), which is the output of the adaptation model. As the adaptation coefficient α i (1 ≤ i ≤ N) is unknown, an estimate model is defined according to
Now the updated measured conditions matrix (M) is computed by multiplying the correlation matrix (C) by the estimated desired condition matrix (D), as shown in the following:
The idea is to update the adaptation coefficientα i (1 ≤ i ≤ N) using the online data. The estimated desired condition matrix (D) can be obtained by minimizing the total error between the measured and the estimate model in the form of least-squares, as expressed in the following:
where λ > 0 is the forgetting factor, giving a weight of importance for the current measurement based on previous measurements. In other words, the forgetting factor (λ) represents the weight of the history of patient's performance on the adaptation of the next rehabilitation task. For example, the larger the value of λ, the faster the adaptation occurs as the history of performance has less weight and thus the adaptation decision is mostly based on the current performance. This parameter can be defined by the therapist to realize a more personalized adaptive home-based rehabilitation system. Now, the update of (D) can be derived as shown in the following:
where (P) is defined as the gain matrix and is defined according to
To update the gain matrix (P) without the need to do matrix inversion, the property described in (9) has been utilized d dt
Now, since d/dt(P P −1 ) = 0, we get
therefore, this yieldṡ
Finally, at the next iterationṖ New , P New ,Ḋ New , andD New can be updated using (13)- (16), respectivelẏ
where K g and K u are constants that yield faster convergence. Knowing theD and D matrices, the adaptation coefficients can be computed according to ⎡ ⎢ ⎣α
Note that ifD i /D i ≈ 1, this would mean that the patient has already achieved the target level of performance for parameter i .
C. Simulation Setup
In this section, we apply different performance scenarios to our proposed adaptation model. The aim of these simulations is to test the behavior of the proposed model in coping with the various performances that may be encountered during the training.
The CAHRs context-based adaption model is implemented in C# and the experiments are run on a Pentium 4 machine with 4-GB RAM. We have chosen four contextual parameters as the measured elements in the matrix M where the first element is the Q P P, the second is room's luminance, the third is stress, and the fourth is fatigue. It is worth noting that these contextual elements were chosen for testing purposes only. It is up to the therapist to choose the parameters that he or she thinks that they affect his or her patient the most. By adding or removing parameters, the therapist can govern the way adaptation should occur. For instance, if only Q P P is chosen, then the adaptation engine would adjust the next rehabilitation task based on the physical performance only. Otherwise, if omitted, adaptation would rely more on the other parameters defined by the therapist.
The values in matrix D were randomly chosen. These values are the desired or the maximum values that should be achieved or allowed by the end of the training. These values were chosen as follows: the first element is the desired Q P P, the second is the desired luminance, the third is the maximum allowable stress level, and the fourth is the maximum allowable fatigue level. In addition, the effect of each element on the other parameters was chosen randomly, as shown in the correlation matrix C. 
D. Simulation Results
Three simulation cases are considered: linear, logarithmic, and sinusoidal.
1) Case 1: Linear Improvement:
In this scenario, we assume that the patient's performance is improving almost at the same amount every day. The results are shown in Fig. 3 for a linearly increasing simulation. The adaptation coefficients have been tuned in to match the desired and measured conditions. Furthermore, the forgetting factor (λ) is shown to have a significant impact on the speed of adaptability. An increase of the forgetting factor (λ) results in a faster convergence of the measured conditions toward the desired conditions.
2) Case 2: Logarithmic Improvement: In this scenario, we assume that the patient's performance was initially improving very fast (e.g., on the first five days of training), and then the improvement became much slower over time. Therefore, the patient's performance is modeled as increasing logarithmically as function of the rehabilitation task iterations. The results are shown in Fig. 4 where again the measured conditions have converged to the desired conditions. Same impact of the forgetting factor (λ) has been experienced in this case.
3) Case 3: Sinusoidal Improvement: In this last case, we assume that the patient's performance is fluctuating from time to time. For example, the patient might show an improvement on the first two days of training and then deterioration on the next two days. Thus, the performance is modeled as oscillating over the rehabilitation task iterations. The objective of the scenario is to evaluate the ability of the adaptation model to cope with fluctuations in the patient's performance. The results are shown in Fig. 5 where the measured conditions converged to the desired conditions, except when the forgetting factor (λ) is equal to one. The condition (λ = 1) implies that the adaptation model has experienced a latency to cope with higher frequency changes in the patient's performance. Therefore, a conclusion can be drawn from this simulation result that a patient with a fluctuating performance should be assigned a higher value of the forgetting factor (λ) to make sure the adaptive model can cope and respond to abrupt changes in the patient's performance.
V. FRAMEWORK PROTOTYPE
We have implemented a software game based on the components shown in the rehabilitation engine module of the proposed framework. The Cup and Plate is a special game designed to enable training of the wrist. The game was developed using the Java programming language. The Java swing library was used to create the 2-D graphics, while the RxTx library was used for the serial communication with the digital stress ball. The P P Q was implemented with the Xfuzzy software and then the resulting fuzzy inference system was exported to a Java class. The reader can refer to [16] for more detailed information about the implementation of the P P Q.
We have used the digital stress ball [12] as the training interface. The ball was designed using a 6-DoF inertial measurement unit that comprises a three-axis ADXL 335 accelerometer and an ITG 3200 gyroscope that were attached on the ball's top surface. We have attached a triple axis MAG3110 magnetometer to the lower surface of the ball. The data fusion of the three sensors allows the detection of the three motions of interest (pitch, roll, and yaw). Tilt and drift errors were compensated using a fusion filter that was deployed on a 16-MHz Arduino Pro-mini 328. A 100-lb FlexiForce force sensor was properly attached to go under the palm of the users. Fig. 6 shows a screen shot of the game and a picture of the stress ball. It is worth noting that the Cloud system was not implemented within the framework. We have rather stored all the data on the local database created on the hard drive of the laptop used during the training.
To play the game, the patient has to rotate his/her wrist on the supination or pronation motion to reach a cup that angular position is determined by the adaptation engine of the framework. Once the patient reaches the cup, he/she has to exert pressure on the stress ball to grab it. Afterward, the patient should drag the cup back to the plate and drop it by simply releasing his or her grip force.
VI. PILOT STUDY
The aim of the pilot study is to examine the impact of the proposed context-based adaptation model on the rehabilitation outcome of patients suffering from wrist deficiencies. In other words, we wanted to explore if the adaptation decisions made by this context-based adaptation module can really help the patient acquires suitable training levels that may enhance his or her abilities, and therefore bring him/her to a reasonable recovery state after training with the proposed framework.
A. Patient Information
Two right-hand dominant males, ages 35 and 50, participated in this paper. The first patient labeled ML suffered a fracture at the forearm while the second patient labeled AS had a hand fracture. Both patients had deficiencies in performing supination and pronation rotations and were unable to achieve the full ranges of motion on the two motions. In addition, both patients were at the early stages of a physical rehabilitation program when they participated in the tests.
B. Evaluation Setup
The evaluations took place at a rehabilitation and senior home complex in the city of Tripoli in Lebanon in collaboration with Halimi and Kabbara Physiotherapy Center located in the same city. Consent forms were signed prior to any tests. The tests were conducted in 10 sessions over the period of three weeks. The length of each session varied between 15 and 30 min depending on the physical and psychophysiological state of the patient, as well as the recommendations of the therapist who was present during the experiments. We have used a Pentium 4 Dell laptop to run our CAHR framework. Each patient was asked to sit on a chair and rest his hand on the seat's arm and try to be as steady as possible during the exercise. Fig. 7 shows one of the patients while training with the Cup and Plate game.
C. Baseline Evaluation
At the beginning of each session, patients were provided with a short questionnaire that aims to rate their physiological and psychological state. To properly confirm the physiological and psychological condition of the patients, the one method is to ask them to rate their conditions. Such a method would eliminate to attach any sensory devices on the patients' body and guarantee a very accurate assessment of their psychophysiological conditions. The patients were simply asked to rate their fatigue and stress levels on a scale of 10 so that we can take these values as a baseline of performance to implement the initial configurations. Since the status of a patient might change during the training, we have taken updates from the patients every 5 min through an electronic questionnaire that requires them to rate their physical and psychological conditions. Then, this information was fed to the system so that the measured matrix can be updated. Prior to the evaluations, patients were also asked to inform us about any particular issues in the training environment that may cause them discomfort during the training. Particularly, they were asked about the room's luminance, ambient noise, and the laptop's screen resolution. Both patients said that they have no problems regarding these issues. Consequently, the environmental factors were simply ignored since they are not correlated with any other context that may affect the training experience of any of the two patients.
The desired Q P P index was chosen by the therapist based on his knowledge about the patient. As previously explained, Q P P is the minimum level that the patient should attain to consider his/her performance as a good one.
D. Evaluation Metrics and Results
Our P P Q discussed in [16] was modeled based on three inputs: task angle (θ), wrist velocity (θ), and jerkiness ( J ). Therefore, our main goal was to monitor the progress of the patients specifically over these parameters.
1) Range of Motion Results:
Figs. 8 and 9 reveal the change in the range of motion over the supination and pronation motions for the two patients. Calculation of improvements or deterioration is based on the regression curves fit to the data. It can be clearly seen that both patients have shown improvement in their supination and pronation range of motions. Patient AS who had the least deficit on both motions had shown 43% improvement on the supination movement and 48% enhancement on the pronation. On the other hand, patient ML has accomplished 48% improvement on the supination motion and 26% on the pronation. The largest improvement was realized on the supination motion in patient ML who has achieved 82 • of range and consequently was able to perform almost a full rotation on that motion by the end of the tenth session.
2) Wrist Velocity Results: To determine if there is any improvement in terms of wrist velocity, we consider three data samples collected during three different sessions for every patient on each motion and study their behaviors with respect to the norms found in [12] . We limited our studies to three samples only because it is very inconvenient to graphically display all the results on one curve. Fig. 10 shows the velocity data collected during Sessions 3, 6, and 9 for both patients while performing the supination and pronation set of tasks. The solid black curve represents the velocity benchmark equation found in [12] . Therefore, FIG. 10 to notice that a progress in performance, the velocity pattern(s) of the session(s) should either converge to the threshold curve or even exceed it. To determine the best performance among overlapping curves, we compute the area under each of them. Table I presents the area corresponding to each session on the supination and pronation motion for each of the patients. The area under the curve can be therefore interpreted as the score that the patient has achieved after the training. Consequently, this would facilitate our analysis since the performances in the sessions could be simply compared with crisp values.
For patient AS, we chose velocity data samples for task angles that range between 10 • and 30 • . It can be deduced from Fig. 10(a) and Table I that the patient's performance on the supination motion started to converge to the threshold by the end of Session 3 and clearly surpassed it by end of Session 10. In the case of patient ML, we assess his performance based on velocity data samples for task angles that range between 40 • and 60 • . The results in Fig. 10(b) show that patient MLs performance on the supination motion was below the threshold for both Sessions 3 and 6 but then managed to fluctuate around the threshold by the end of Session 10.
The curves in Fig. 10 (c) and (d) and the data in Table I reveal that patient AS was almost 33% below the threshold in Session 3. However, Sessions 6 and 10 show around 96% improvement over Session 3. However, patient MLs improvement was relatively slow. Even though Fig. 10(b) shows that MLs performance was improving over the sessions, his progress did not reach an acceptable level until Session 9 where he was only 4% away from the threshold.
3) Wrist Jerkiness Results:
The analysis of the wrist jerkiness on both motions was done based on the same data samples that were used to analyze the velocity. The threshold curves for the supination and pronation motions were computed based on the Jerkiness Benchmark equation found in [12] . Jerkiness is defined as the rate of smoothness of velocity. Therefore, the smaller the value of jerkiness the smoother the hand velocity. Consequently, a patient performance is considered to be improving if the pattern of jerkiness is either converging to the threshold curve or go below it (i.e., in this case the performance is better than the target threshold level). In terms of the area under the curve presented in Table II , the area of a certain jerkiness performance curve should be less than or equal to the area below the threshold. Fig. 11 reveals the results of the jerkiness obtained on the supination and pronation motions, respectively. We can deduce from Fig. 11(a) that patient AS might need more training sessions before his supination jerkiness can improve since even after the tenth session, the patient did not achieve a decent progress. On the contrary, patient ML did not have a problem with his supination jerkiness performance. We can clearly observe that his performance over the various sessions FIG. 11 is below the threshold level. This can be easily realized from patient MLs supination jerkiness under curve areas presented in Table II . Now looking at the pronation results of both patients, we realize that patient AS had shown some improvement in Session 9 over the past sessions [ Fig. 11(c)] ; however, the results did not reach the expected thresholds that means that the patient might need more sessions before optimal results are reached for this metric. On the other hand, patient ML had no problems with his pronation jerkiness throughout the various sessions. Fig. 11(d) shows that the curves were always fluctuating smoothly around the threshold curve.
VII. CONCLUSION
Task adaptation is a crucial part of any virtual rehabilitation system since it can shorten the therapy duration by offering the patient proper training tasks that fit his or her condition. In order to offer therapy training that can properly adjust to the performance of the patient, the adaptation should not be based only on the patient's physical state, but also on his/her psychophysiological and environmental conditions. In this paper, we have presented an adaptive framework that considers various contextual information to adjust the training environment so that appropriate tasks, and media outputs are provided to the patient. Simulations of the proposed adaption scheme have shown that it can properly cope with various performance patterns. In addition, clinical trials performed with a prototype that is implemented based on the proposed framework have shown an improvement in the performance kinematics of two patients with wrist impairments. Our future work will be focused on finding reliable techniques that can help us detect the fatigue and stress levels in an online fashion during the training.
